Understanding the potential of soil to store soil organic carbon (SOC) is important for potential climate change mitigation strategies and assessing soil health issues. We examined the factors controlling SOC storage in eastern Australian soils and how these vary with depth. Models were developed using a set of readily interpreted covariates to represent key soil forming factors together with multiple linear regression ( 
mental and land use combinations, this being imperative if C trading schemes are to be effectively implemented as a means to help address climate change (Sanderman et al., 2010; Cotching, 2012; Badgery et al., 2013; Viscarra-Rossel et al., 2014; IPCC 2014) . Difficulties achieving this have been attributed to the inherent variability of SOC under uniform soil types (Batjes, 1996; Cotching, 2012) even under localized areas with apparently uniform environmental conditions (Cerri et al., 2000; Wilson et al., 2010) , and difficulty in reliably estimating bulk densities .
The key driver of SOC is widely reported to be climate, broadly comprising precipitation and temperature ( Jenny, 1980; Bui et al., 2009; Minasny et al., 2013; Viscarra-Rossel et al., 2014; Hobley et al., 2015) . There is however less consistency in the literature regarding the relative influence attributed to other factors, such as those relating to land use/management (including agricultural intensity and vegetation cover levels), parent material (including lithology and clay content), and topography (including slope position and aspect). The relative influence of some factors varies with scale. For example, land use and topographic factors, appear to increase in importance at finer, more localized scales (Minasny et al., 2013) . There is widespread recognition that it is the interaction of these drivers that determines final SOC levels, and that individual factors cannot be considered in isolation (Baldock et al., 2009b; Murphy et al., 2010; Powers et al., 2011; Mishra et al., 2012; Xiong et al., 2014; Mayes et al., 2014) .
Although most SOC research to date has focused on surface layers (generally down to 30 cm) it is also being increasingly recognized that subsurface soils play an important role in SOC storage (Rumpel and Kögel-Knabner 2011; Luo et al., 2010; Cotching, 2012) , particularly considering the higher total volumes and bulk densities of these soils and the greater stability and longevity of SOC than that in surface soils (Fontaine et al., 2007; Sanderman et al., 2010; Wilson and Lonergan 2013) .
However, much uncertainty remains about how the factors controlling SOC levels vary in subsurface relative to surface soils (Rumpel and Kögel-Knabner, 2011; Hobley et al., 2015) .
Further work is required to elucidate the relative levels of influence of a range of important factors in controlling SOC stocks. We need to understand and quantify how the influence of these drivers changes with increasing depth in the soil profile. More quantitative data are needed on the combined influence of the key factors and how they work together to produce different SOC stocks in different environmental regimes. Only by understanding these mechanisms can we hope to develop realistic strategies to promote long-term increases in soil C levels. This study attempts to address these issues, through a digital soil modeling and mapping program undertaken over eastern Australia, covering an area of 3.8 million km 2 . Our strategy was to:
1. Prepare digital soil models of SOC density (kg m -3 ) over the eastern states of Australia at five depth intervals to 100 cm.
2.
Derive quantitative estimates of the influence of several key factors at the different depth intervals, using standardized regression coefficients from multiplelinear regression (MLR) models and frequency of use in Cubist models.
3. From the resulting digital soil maps, derive estimates of SOC stock (Mg ha -1 ) over 45 different climateparent material-vegetation cover sub-classes at 0-to 30-cm and 30-to 100-cm intervals.
4.
Derive relative proportions of the SOC stock over these two depth intervals for each sub-class.
5.
Identify and discuss key trends in the results.
METhODS
In overview, a legacy dataset of soil profiles with associated environmental covariates over the eastern states of Australia was used to develop MLR models and Cubist piecewise linear decision tree models that described the relationship of SOC density relative to key soil forming factors. The models, prepared at a number of depth intervals down to 1 m, were examined to determine the relative influence of each factor and how these vary with increasing depth in the profile. Digital soil maps were prepared, which were then partitioned into 45 sub-classes based on climate, parent material, and vegetation cover, for which average SOC stock levels were determined and key trends examined. A broad overview of the region is provided in Gray et al. (2015) .
The Soil Dataset
A dataset of 5188 soil profiles containing SOC laboratory results and extensive site data was compiled over eastern Australia, a subset of that reported in Gray et al. (2015; Fig. 1) and mostly collected during the years 1970 to 2010. Breakdown by jurisdiction was as follows: NSW: 1778, Queensland: 1499, CSIRO (eastern states) 757, South Australia: 586, Tasmania: 345, and Victoria 223. The dataset was created using Microsoft Access (Microsoft Corp., Remond, WA) with further organizing and sorting using Microsoft Excel (Microsoft Corp.). Soil organic C values reported for each soil horizon over the entire original dataset were converted into five standard depth intervals: 0 to 5, 5 to 15, 15 to 30, 30 to 60, and 60 to 100 cm using the equal area splining process of Bishop et al. (1999) and Malone et al. (2009) . These intervals conform to those adopted in the Soil and Landscape Grid of Australia (TERN, 2014; Viscarra-Rossel et al., 2015; www.csiro.au/soil-and-landscape-grid; verified 5 Nov. 2015) and GlobalSoilMap.net (verified 5 Nov. 2015; Sanchez et al., 2009) down to the 100-cm level.
Excluded from the analyses were organic soils including Organosols under the Australian Soil Classification (Isbell, 2002) or Peats under the Great Soil Group Classification (Stace et al., 1968) , which are equivalent to Histosols from Soil Taxonomy (Soil Survey Staff 2010) as these are not common in the region and are difficult to incorporate into models. Additionally, all sites with <0.1% SOC in the uppermost depth interval were excluded as many of these were considered unreliable. For most profiles (approx. 95%), the Walkley-Black wet oxidation method had been used to derive the SOC values, with LECO and other combustion methods used for the remainder (Rayment and Lyons 2010) . No correction factors were applied to account for possible underestimations of SOC values by the Walkley-Black method used in earlier decades (Skjemstad et al., 2000) , as there is uncertainty regarding the most appropriate correction factor and whether or not it had already been applied (Conyers et al., 2011; Bui et al., 2009) .
Soil organic C density (kg m -3 ) was added to the dataset by applying bulk density estimates from the Soil and Landscape Grid of Australia bulk density layers, derived by digital soil mapping at 3 arc second grid spacing (Viscarra Rossel et al., 2014) . The following simple relationship was applied: SOC (kg m -3 ) = SOC%D B (Mg m -3 )10
The Covariates
A relatively small number of readily interpreted covariates were selected to represent the key soil forming factors of climate, parent material, relief, and biota as outlined below. The choice and small number of covariates was designed to reduce the extent of correlation between them and facilitate clear interpretation on the relative influence of each soil forming factor. The range and variability of these covariates was presented in Gray et al. (2016) .
Climate
Mean annual precipitation (mm pa, Precip)-derived from 2.5 km Australia wide climate grids from the Australian Bureau of Meteorology with interpolation of cell values down to a 100-m grid, using the ArcGIS Interpolation Spline tool. The dataset represents mean values obtained over the 1961-1990 period. Mean annual daily maximum temperature (°C, Tmax)-as above.
Precipitation/max temperature ratio (P/Tm ratio)-the ratio of the above two covariates was derived to provide a single climatic index, used only for post modeling interpretation purposes. This was classified into three classes: dry: <30; moist: 30-60; wet: >60.
Parent Material
Silica index (lithology)-an index denoting the silica (SiO 2 ) content to represent the lithological character of the parent material, estimated using documented average chemical composition of the materials (Gray et al., 2014 . For example, granite with moderately siliceous lithology has a silica content of approximately 73%, while basalt with mafic lithology has a silica content of approximately 48%. Higher silica content parent materials typically give rise to soils with more quartzose, coarser, sandier textures with lower chemical fertility. Parent material descriptors recorded at each site were used to derive silica indices for model development; the 1:250 000 scale NSW Geological Survey polygonal geology map and 1:1 million scale Geoscience Australia geology map were used for the final digital soil maps. For post modeling interpretation purposes, these were grouped into five classes as shown in Table 1 , which also presents typically associated soil types.
Relief
Topo-slope index (TSI)-an index that can be derived from field observations that combines topographic position and slope gradient. It represents the degree to which a site is subject to depletion (1) or accumulation (6) of water, soil particles, and chemical materials . Model development relied on soil surveyor site data for individual sites; map development used a 100-m DEM (resampled from Gallant et al., 2010) to derive the Topographic Position Index ( Jenness, 2006) and slope%.
Aspect index (Asp)-an index to represent the amount of solar radiation received by sites, ranging from 1 for gentle N or NW facing slopes to 10 for steep S and SE slopes . The required data was derived from field collected site data or a 100-m digital elevation map (DEM).
Biota
Land disturbance index (LDI)-an index that reflects the intensity of disturbance associated with the land use (1, natural ecosystem, to 6, intensive cropping; Gray et al. (2014) , modified from NCST, 2009). For model development, site land use was taken from field profile descriptions; for the final digital SOC map it was derived from 1:25 000 scale polygonal land-use mapping (OEH, 2007) .
Vegetation cover (Veg_cov)-total vegetation cover (photo-synthetic and non photo-synthetic) derived from 2011 MODIS fractional vegetation data, 90-m grids (Guerschman et al., 2009 ). For post modeling interpretation purposes, these were grouped into three classes: Low £ 60%, moderate 60-80%, high > 80%. Generally, vegetation cover decreases with increasing levels of disturbance (higher LDI), thus these two covariates would display at least some collinearity. Although they are treated sepa-rately in the statistical analysis, they are considered jointly in the later discussions.
Developing Models and Statistical Analysis
Analysis was performed using R statistical software (R Core Team, 2013) . The soil dataset was apportioned 80% as training data and 20% as validation data with modeling by MLR and Cubist linear piecewise decision tree models (Quinlan, 1992) using the Cubist package of Kuhn et al. (2014) . A natural log transformation was applied to the SOC values to address the observed skewness in the response. Models were prepared for both SOC concentration (%) and density (kg m -3 ), but as density units allow SOC stock calculations they were considered the more useful, and only these models are presented.
The models for each depth interval were validated using the validation datasets. Lin's concordance correlation coefficient (CCC) was used to measure the level of agreement of predicted values with observed values, relative to the 1:1 line (Lin 1989) . Also determined were root mean square error (RMSE), mean error, and standardized RMSE (being RMSE/mean estimate). Standardized regression coefficients of covariates in the MLR models and data on the frequency of use in the Cubist models were derived to inform on the relative influence of each covariate in the models.
Maps of SOC density at the five depths were prepared using the Cubist models. The layers were combined to give just two maps for the depth intervals 0 to 30 and 30 to 100 cm. Soil organic C density at these two new intervals were converted to SOC stocks (Mg ha -1 ) and then partitioned into 45 sub-classes according to (i) climate regime (P/Tm_ratio), (ii) lithology (silica) class, and (iii) vegetation cover class. Mean values of each sub-class and their standard deviations (SD) were recorded from their geographical information system (GIS) layer information. The mean and 95% spread of predictions (based on 1.96 ´ SD) were plotted to assist in interpretation. The ratios of SOC over the 30-to 100-cm interval relative to the total 0-to 100-cm depth interval for each of these 45 sub-classes were also calculated and plotted in a similar manner to above.
RESULTS

The Models and Validation
The MLR models for SOC density (kg m -3 ) for the five depth intervals are presented in Table 2 . It is evident that the models are strongest in the near surface layers, with R 2 reaching a maximum of 0.45 in the 5-to 15-cm interval model but Gray et al. (2011 Gray et al. ( , 2014 Gray et al. ( , 2015 ; Isbell et al. (1997) . ‡ Cations comprise average Ca, Mg, Na, and K oxides. § Australian Soil Classification (Isbell, 2002) . # Common suborders or sub-groups given in italics (Soil Survey Staff, 2010 they decline with depth with R 2 values dropping to <0.15 in the 60-to 100-cm interval. Major declines in the F values are also observed with depth. The Cubist models also revealed a similar decrease in model strength with depth. The models for SOC concentration (%) were considerably stronger than those for SOC density, with R 2 values generally some 15 to 20% higher, probably mainly due to their non-reliance on bulk density estimates, but these models are not presented here.
Results of validation of the SOC density models, using the initially withheld validation dataset, are presented in Table 3 . It can be observed that the highest validation performance is achieved for the 5-to 15-cm depth intervals using the Cubist approach, where the concordance values reach 0.68 (Fig. 2) . Again, a major decline in performance with depth is clearly evident, as also shown by the standardized RMSE. The Cubist models consistently outperformed the MLR models, with concordance values being 5 to 15% higher.
Influence of Covariates
The standardized regression coefficients for each covariate used in the MLR SOC density models are provided in Table 4 . These provide useful indications of the relative influence of each covariate in the models and thus in driving the SOC content in soils over the various depth intervals. It reveals that in the upper depth intervals (0-5 and 5-15 cm) Tmax, Silica, and Veg_cov appear to exert the dominant influence, Precip has moderate influence while TSI, Asp, and LDI have only a relatively small influence. At the deeper intervals Silica becomes the clearly dominant influence with Precip and Veg_cov also being important. The value of Tmax progressively declines in influence down to negligible levels, as does TSI also. It was noted that when Veg_ cov was omitted from the MLR models, the significance of LDI generally slightly increased, suggesting these two factors are at least partially correlated.
Examination of the frequency of use of the different covariates in the Cubist models (Table 5 ) also provides a broad indication of their relative influence. It suggests that in the upper depth intervals (0-5 and 5-15 cm) Tmax, Precip, and Silica are dominant with Veg_cov also important, while TSI, Asp, and LDI have only moderate influence. At the deeper levels Silica and Precip are clearly dominant, Tmax and TSI have moderate influence, while the other covariates have generally only minor influence. Results are broadly similar to those derived from the MLR standard regression coefficients, but they suggest a greater influence of topography and lesser influence of Veg_cov and LDI at the deeper intervals Table 6 lists the influence per unit change of the seven covariates, assuming other factors are held constant, over the 0-to 30-and 30-to 100-cm depth intervals. Values were derived using weighted averages of the partial regression coefficients from the MLR models. It is revealed for example that over the upper depth interval, for each 100 mm increase in annual precipitation there is 3.8% proportional increase in SOC density, and that with each °C rise in annual maximum temperature there is a corresponding 2.9% proportional decrease in SOC density. The influence of both these climatic factors, particularly temperature, decreases in the lower depth intervals, as do most other factors apart from parent material which slightly increases.
Variation in Carbon Stocks with Climate, Parent Material, and Vegetation Cover
The derived digital soil maps of SOC stocks for the 0-to 30-and 30-to 100-cm depth intervals are presented in Fig. 3 . Using these maps with stratification by the three climate classes, five parent material classes and three vegetation cover classes, estimates of the mean SOC mass, and spread of predictions at 95% level, over each of these 45 sub-classes for both intervals were determined (Fig. 4) .
The plots demonstrate generally uniform trends of increasing SOC stock with increasingly moist climate, increasing mafic character of parent material and increasing vegetative cover. Soil organic C stocks in the upper interval vary from 16.3 Mg ha -1 in dry, highly siliceous parent material environments with low vegetation cover, up to 145.0 Mg ha -1 in wet, mafic parent material environments with high vegetation cover. It can be seen that the increase in SOC density that occurs when moving from an equivalent climate-vegetation cover environment is more pronounced over mafic parent material soils than it is over siliceous parent material soils, at least in absolute terms. In the lower 30-to 100-cm interval the SOC stocks likewise vary under different environmental conditions, ranging from 18.7 to 106.1 Mg ha -1 . The differences are, however, somewhat less pronounced, giving the histogram a broadly flatter structure, mainly due the lesser relative influence of climate and vegetation cover. Figure 5 presents the proportion of SOC stock in the subsoil (30-100 cm) relative to the top 100 cm calculated for each of the 45 climate-parent material-vegetation cover classes (Fig. 5) , giving the mean values and the 95% spread of values for each class. It can be seen that mean values vary from a high of 59% in dry climates to a low of 41% in wet climates, although a large range of values is evident for most classes. The results indicate that in dry climates, the majority of C stock in the top meter is stored in the subsoil (30-100 cm), whereas in wet climates the majority is stored in the upper soil (0-30 cm). Climate appears to be the key factor driving these proportions. The main difference appears to occur between the dry and moist climate zones, with only a slight decrease between the moist and wet zones, as also borne out by the summary Table 7 . Parent material and vegetation cover classes do not show strong trends, however, relatively higher mean subsoil SOC storage proportions are observed with the extremely siliceous parent materials in the wet and moist climates, and with lower vegetation classes in the dry climates. The relative increase in SOC stocks in subsoils in the drier inland areas is also demonstrated by the maps of Fig. 3 , which show a less pronounced decline for the lower soils than the upper soils. It is interesting to note from Table 7 that over the whole of eastern Australia the ratio of SOC stock in the top 30 cm relative to the top 100 cm is almost exactly 50%, which is indicative of the relative spread of climate zones in this province. Although C stocks (Mg ha -1 ) are approximately equivalent in both the upper and lower depth intervals, Table 7 reminds us that the C densities (kg m -3 ) are significantly lower in the subsoils, but this is compensated for by the greater depth interval they cover (70 cm compared with 30 cm). Additional C stocks would of course be present below 100 cm, but at increasingly lower densities.
Carbon Stocks at Different Depths
DISCUSSION
Strength of Models
This study has developed models of SOC density based on seven readily interpretable covariates to provide insights into factors driving this soil property at varying depths. Validation results suggest the models are of at least moderate reliability, with Lin's CCC values for SOC density approaching 0.70 for the near surface depth intervals but decreasing with depth. Results were somewhat higher for SOC concentration (%), possibly because they did not rely on previously modeled bulk density data, with its inherent uncertainties.
The strength and effectiveness of the digital SOC models generated in this study appear broadly comparable with previous studies. A digital SOC density map for 0-to 30-cm interval over Australia prepared by Viscarra Rossel et al. (2014) Hobley et al. (2015) achieved model R 2 values of 0.76 in SOC modeling to 30 cm over NSW. Other SOC models and maps developed for DSM projects in Australia and overseas for areas greater than 500 km 2 generally had R 2 values between 0.2 and 0.6 (Minasny et al., 2013) .
The models developed in this study would appear sufficiently strong to draw useful conclusions on factors controlling SOC stocks. Although the strength of the models could potentially be improved through use of additional, more sophisticated variables, such as remotely sensed data and advanced climatic and topographic covariates, this may be at the expense of ease of interpretation. There is likely to be significantly greater collinearity between covariates relating to similar soil forming factors, thereby reducing our ability to draw useful conclusions on the relative influence of each factor.
Influence of Individual Factors Driving Soil Organic Carbon and Variation with Depth
The results of this study confirm that climate, parent material, and vegetation cover are the key driving factors for SOC density at the eastern Australian sub-continental scale. Topography and the associated aspect appear of less influence at this scale. The relative influence of the various factors does however change with depth ( Jobbágy and Jackson, 2000) suggesting the mechanisms involved in the stabilization and dynamics of SOC may be different at different depths (Rumpel and Kögel-Knabner, 2011) . The combined influence of these factors ultimately controls the SOC densities.
The dominant influence of climate, particularly at broad continental scales, is almost universally recognized. It controls the production of organic matter and the extent of its mineralization and resulting loss from the soil with SOC levels highest under cool moist conditions ( Jenny 1980; Lal 2004a; Sanderman et al., 2010; Luo et al., 2010; Cotching, 2012; Badgery et al., 2013 ). This current study shows that in near surface layers (0-15 cm) temperature is the dominant driving force, being more important than precipitation, also reported by Bui (2012) and Wang et al. (2014) , however at deeper levels the influence of temperature reduces and precipitation becomes more dominant. Both the MLR and Cubist modeling processes in this study reveal a steady decrease in the influence of temperature with depth, whereas precipitation appears to increase to a maximum influence at mid depths (15-30 cm) then decline again at deeper levels (>30 cm).
Parent material composition has been shown by this study to have a strong influence on SOC content. More mafic, less siliceous materials are associated with higher SOC levels. It becomes the clearly dominant influence in the mid and lower layers. The importance of parent material in controlling SOC has also been reported by several recent workers (Mishra et al., 2012; Chaplot et al., 2010; Vasques et al., 2010; Powers et al., 2011; Wilson et al., 2011; Cotching, 2012; Badgery et al., 2013; Viscarra Rossel et al., 2014) . Its influence is primarily due to its control of soil texture and clay content which serves to protect SOC from mineralization (Oades, 1988; Paustian et al., 1997; Baldock and Skjemstad, 1999; Baldock et al., 2009b; Heckman et al., 2009 ) and its control of soil fertility and nutrient supply to promote production of organic material (Badgery et al., 2013) . Parent material has a close association with soil type, which is almost universally recognized as having a major influence on SOC content (Batjes, 1996; Eswaran et al., 2000; Lal 2004a; Cotching, 2012; Xiong et al., 2014) . The different parent material classes identified in this study have close relationship with groupings of soil types, as presented in Table 1 .
The extent of vegetation cover is clearly another dominant factor controlling SOC. The results suggest the high importance of this factor in near surface layers and then a decreasing influence with depth. However its relative ranking compared with other factors appears variable. Land use, as represented by LDI is shown to have a relatively low influence on SOC levels at this sub-continental scale, but it may be at least partly masked by the vegetation cover factor. Its influence appears to decline further with depth, similarly reported by others (Luo et al., 2010; Wilson et al., 2010 Wilson et al., , 2011 Allen et al., 2013; Badgery et al., 2013) , Nevertheless the factor is still considered important in subsoils (Guo and Gifford, 2002; Wright et al., 2007; Meersmans et al., 2009; Follett et al., 2009; Vasques et al., 2010; Rumpel and Kögel-Knabner 2011) . It has been suggested that SOC in deeper soil layers might reflect historic rather than current land use (Schulp and Veldkamp, 2008; Wilson and Lonergan, 2013) .
Topography as represented by TSI and the associated aspect (Asp) are not revealed as strong controlling factors at this subcontinental scale, a pattern also noted by Minasny et al. (2013) and Hobley et al. (2015) . At more local scales, where climate is more uniform and therefore less of an influence, topography can be shown to be a significant driving factor (McKenzie and Ryan, 1999; Allen et al., 2013; Davy and Koen, 2013) .
Based on results from the two modeling approaches in this study the ranking of relative importance of environmental and land-use factors over the upper depth intervals (0-30 cm) would appear to be temperature > precipitation > parent material > vegetation cover/land use @ topography/aspect. At the deeper levels (30-100 cm) the order would appear to be parent material > precipitation > vegetation cover/land use @ temperature @ topography/aspect. This ranking sequence differs from that presented by Baldock and Skjemstad (1999) for soils as a whole, which presents land management as the most influential factor and soil mineral composition as the least influential.
A change in the relative influence of the various soil forming factors with depth has been revealed by this study. The reduction in the significance of climate, particularly temperature, with depth and an increase in the significance of parent material parallels results reported by Jobbágy and Jackson (2000) , Albaladejo et al. (2013) , Wang et al. (2014), and Hobley et al. (2015) . Similarly, Wilson and Lonergan (2013) reported the declining influence of land use with depth.
Combination of Factors Control Soil Organic Carbon Stocks
This study has demonstrated that to understand and predict SOC storage levels in any soil, the combined influence of the key soil forming factors must be considered. Each factor has a different broad level of influence, being significant at differing scales, and they combine together to control final SOC stocks. Minor topographic influences are superimposed on the moderate land-use/ ground cover influences, which in turn are superimposed on the large parent material (soil type) influences which are ultimately superimposed on the very large climatic influences. Figure 4 reveals generally uniform trends of increasing SOC density with increasingly moist climate, increasing mafic character of parent material and increasing vegetation cover. The use of only two of these three key factors would clearly result in unreliable estimations. For example, SOC density over the 0-to 30-cm interval in a wet, high vegetation cover regime varies from 56.0 Mg ha -1 in soils from extremely siliceous parent material up to 145.0 Mg ha -1 for soils from mafic parent material, a 2.6-fold increase.
The necessity of considering a combination of factors when deriving meaningful estimates of potential SOC storage has been similarly reported by other workers (Heckman et al., 2009; Powers et al., 2011; Mishra et al., 2012; Mayes et al., 2014; Viscarra Rossel et al., 2014; Xiong et al., 2014) . The differing potential of regions to store SOC according to different climate, soil types, and land-use forms the basis of the "carbon zone" concept of Murphy et al. (2010) and the "potential capability index" for additional SOC storage of Baldock et al. (2009b) . The importance of considering combined multiple factors was also demonstrated by Gray et al. (2016) who reported that the decline in SOC over the top 30 cm following a change from native vegetation to regular cropping in NSW, Australia ranged from just 3 Mg ha -1 or 8% for highly siliceous parent materials in warmer climates up to 44.3 Mg ha -1 or 50.0% loss over mafic parent materials in cooler (moist) conditions. Knowledge on the combined influence of multiple factors can guide the identification of soil-environment regimes/locations that are priorities in C sequestration programs. For example, Fig. 4 would suggest that greater potential gains in SOC density could be made by focusing on soils from mafic rather than siliceous parent materials. Such knowledge may be particularly important for the effective establishment and operation of C trading schemes as a means of addressing climate change.
Many workers have referred to and documented the differing SOC storage potential of different soil types, both in Australia (Cotching 2012) and internationally (Batjes, 1996; Eswaran et al., 2000; Lal, 2004a) . Large variations within each soil type are reported, for example, Batjes (1996) reported coefficients of variation generally between 50 and 100% for SOC contents to 100 cm in world FAO-UNESCO soil groups and Albaladejo et al. (2013) reported similar variation in Spain. It is clear that for such estimates to be meaningful they must similarly be stratified according to other environmental factors, particularly climate and vegetation cover or land-use attributes, also noted by Jobbágy and Jackson (2000) . For many soil orders it may be necessary to define them down to lower classification levels, due to significant variation within the primary Order level. The potential complexity of such an exercise is reason to favor the relative simplicity of parent material composition as a basis of the soil stratification process as in this current study (refer to Table 1 ).
Relative Soil Organic Carbon Storage in Subsoils
The results from this study support the widely held contention that subsoils contribute a substantial proportion of total SOC stocks despite their lower SOC concentration (Batjes, 1996; Jobbágy and Jackson, 2000; Rumpel and Kögel-Knabner, 2011; Cotching, 2012) . The 30-to 100-cm interval has been shown here to contribute approximately half of the SOC stocks down to 1 m. However, the precise contributions of upper and subsoil levels have been shown to vary depending on climatic influences. We have demonstrated that in the dry climate zones of eastern Australia the majority of C stock in the top meter is stored in the subsoil (30-100 cm) with an average 54%, whereas in wet climates a lower proportion is in the subsoil (average 43%). Climate appears to be the dominant driving influence of this ratio. Although no strong trends are evident in relation to parent material and vegetation cover classes, there is an indication that relative SOC storage in the subsoil is greatest over extremely siliceous parent materials in wet and moist climates, and in lower vegetation cover classes in dry climates.
These results compare with the estimates for world soils of the proportion of soil organic matter stored in the first meter below the 30-cm depth that range between 46 and 63%, for almost all soil types (Batjes, 1996; Rumpel and Kögel-Knabner, 2011 ). An examination of results reported in Cotching (2012) also suggest a higher relative proportion of SOC storage in subsoils in the relatively drier States of eastern Australia than in the more moist States for equivalent soil types. He also found land use to be an important driver of these relative proportions, which contrasts with our results here which indicate no significant influence from vegetation cover levels. A relative proportion of 35% SOC over the same interval was reported in Laos, a notably very wet climate (Chaplot et al., 2010) . Jobbágy and Jackson (2000) found the percentage of SOC below 20 cm, relative to the first meter, averaged 67, 58, and 50% for shrublands, grasslands and forests, respectively in their global study. They found these proportions varied from 71% in cold arid shrublands to 43% in cold humid forests. The above studies all support our findings of higher relative SOC storage levels of subsoils in dry climates compared to moist climates.
CONCLUSION
This study has provided quantitative data to help us understand the factors controlling the storage of organic C in the soils of eastern Australia. The results can provide guidance on the physical locations of soils with high and low SOC storage potentials. It has been revealed that SOC stocks over this province are primarily controlled by climate, parent material, and vegetation cover. Other factors including topography and the associated aspect tend only to be significant when the over-riding influence of climate in particular is removed, as in more localized scale studies. The relative influence of the different factors has been shown to change with depth, with climate (particularly temperature) and vegetation cover/land use decreasing in influence and parent material increasing in influence.
It has been demonstrated that a combination of factors, particularly climate, parent material (or soil type), and vegetation cover (or land management) are required to understand and make meaningful estimates of SOC storage levels. Without a full consideration of the key controlling factors together, any estimates of current or projected SOC stocks will be unreliable. The study provides further evidence on the importance of SOC subsoil storage, and has demonstrated that SOC storage in sub soils actually exceeds that in upper soils in drier climates (dependant on the defined depth intervals). The results suggest that the proportion of SOC stored in the subsoil appears to be primarily controlled by climate, generally increasing with drier climates, but also possibly influenced by parent material (soil type) and vegetation cover in more complex trends.
The incorporation of knowledge on factors controlling organic C stocks in our soils, such as gained from this study, is essential for designing effective strategies of soil C sequestration that can help to combat projected climate change. Simultaneous improvements in soil health across our agricultural lands may be another important outcome.
